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Abstract
Soils are complex environments comprising various biological (roots, water, air etc) and physical constituents (minerals, aggre-
gates, etc). In this paper, we develop a semi-automated method for segmenting X-ray Micro-tomography (XMT) images to voids,
soil, and root regions; in addition, we propose various metrics to automatically quantify soil aggregation and compaction properties
in a speciﬁed spatial location. Metrics derived for 2D are generalized also for 3D. Experiments are performed on synchrotron-based
XMT imagery obtained at the Advance Light Source of the Lawrence Berkeley National Laboratory (LBNL).
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1. Introduction
The rhizosphere, that is, the zone of soil immediately surrounding plant roots 1, plays a prominent role in supplying
plants with water and nutrients 2,3. Despite their importance, surprisingly little is known about structural properties
of the rhizosphere and how they aﬀect growth of roots as well as uptake of water and nutrients 4,5,6. The lack of non-
invasive and non-destructive imaging techniques necessary to observe living roots growing in undisturbed soil has
been one of the main reasons for this shortcoming. Recent advances in synchrotron-based X-ray Micro-tomography
(XMT) provide the potential to directly observe soil structural properties around living roots in-situ. The capabilities
of high-resolution rhizosphere imaging using XMT have been explored by Aravena et al.7. In order to take maximum
advantage of XMT for exploring the physics and mechanics of the rhizosphere, XMT image information such as the
gray value of each pixel has to be converted into physical information such as the position of the root, the spatial
distribution of solid matter and pores around the root; this information, in turn, can be converted into physical pa-
rameters of the soil, e.g., porosity, pore size distribution. For that purpose, a crucial ﬁrst step involves identifying
the location of the root, both solid and pores. Many of general global image thresholding techniques 8 can eﬃciently
segment XMT images into hard and soft components. A new thresholding technique presented by Schlter et al. 9
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Fig. 1. (Left) Schematic depiction of the XMT setup at the Advanced Light Source, Berkeley California and (right) soil-ﬁlled glass test tube for
growing plants 7.
takes into account edge information and then performs bi-level segmentation based on region growing. This method
targets images with a unipolar intensity histogram. Another thresholding method presented by Bloom et al. 10 uses
adaptive thresholding for studying porosity in granular particle distribution. This method focuses on a speciﬁc set
of uniform sand mixtures commonly used in industry and image segmentation for the purpose of calculating a mean
porosity. A review by Porter and Wildenschild 11 indicates that various tools and open source software for 2D and
3D image processing and analysis already exist. However, most of these tools are designed for medical images. For
example, an open-source Insight Segmentation and Registration Toolkit (ITK) has limited applicability for analyzing
rhizosphere physical properties, because diﬀerences in diﬀerent biological tissues ared more obvious compared for
example to diﬀerences between air and water-ﬁlled pores, or between slightly diﬀerent types of soils and their densi-
tites. Additionally, many procedures in the toolkit need extensive man-machine interaction in order to set parameters
or select modes of operation based on image low-level properties. Unfortunately, the increase in the spatial resolution
provided by modern instruments incurs high computational requirements without producing credible results. Several
segmentation techniques applied to soil Computed Tomography images have been reviewed by Iassonov et al. 12
who considered segmentation upon the texture features using generic clustering algorithms. Our paper pursues an
ultimate goal of segmenting XMT images semi-automatically in an unsupervised fashion. The shortcomings of direct
clustering for this of roots growing in glass beads and clean sand application is discussed in section 2.1. Section
2.2 introduces the proposed image segmentation method. In section 3, the objective metrics are presented and their
calculations are demonstrated on an exhibit test image.
2. Image Segmentation
2.1. Background
Images used in this work are obtained at the Light Source of the Lawrence Berkeley National Laboratory (LBNL).
This facility uses a Synchrotron X-ray source (1.9 GeV), superbend magnet (4.37 Tesla), and multilayer monochro-
mator that delivers a monochromatic beam with an adjustable energy range from 5 to 60 keV to the specimen (beam
size 404.6 mm). Transmitted X-ray light is converted to the visible light using a CdWO4 single crystal scintillator,
magniﬁed by a Canon 2X lens and imaged on a Cooke PCO 4000 CCD camera. Scans are carried out by placing a
specimen in between the source and the detector, as shown in Fig.1. The specimens were prepared by planting seeds
in soil ﬁlled in small glass test tubes of 10 mm inner diameter. The seeds and soil were suﬃciently watered for the
seeds to germinate and grow a tap root large enough so that soil-root interactions could be observed. The 3D stack
contains approximately 500 16-bit images, each of 3000x3000 or 4000x4000 pixels.
First we demonstrate the performance of thresholding techniques for XMT segmentation. Two sample images
of roots growing in glass beads and clean sand are presented in Fig.2. Fig. 3 and 4 shows results of thresholding
these two images from Fig. 2 by using various techniques as given by Huang 13, Intermodes 14, IsoData 15, Li 16,
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Fig. 2. Original images: (a) Test image with a sunﬂower root growing in glass beads; (b) a root growing in clean sand.
Fig. 3. Thresholding of images from Fig. 2a.
MaxEntropy 17, Mean 18, MinError(I) 19, Minimum 14, Moments 20, Otsu 21, Iterative thresholding 22, RenyiEntropy
16, Shanbhag 23, Triangle 24 and Yen 25.
Results show that the root region is partially segmented by some of the techniques in the test image, but not in the
image of the root in a real soil. This is due to the fact that in the latter image, the root has a lower contrast with respect
to the surrounding soil and pores. Fig. 5 shows results of segmentation of image in Fig. 2.a by using three techniques
as given by K-means 26, FCM 27, GMM 28. From the results it clearly indicates that direct clustering does not produce
credible results.
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Fig. 4. Thresholding of images from Fig. 2b.
Fig. 5. Top-down, left-right: Kmeans(3class); FCM(3class); GMM(3class); Kmeans(4class); FCM(4class); GMM(4class) segmentation results.
2.2. Interactive procedures for obtaining image components
Taking into account the segmentation problems of the unsupervised clustering procedures, we next consider a
more feasible approach based on the human-machine interaction. First, XMT images from these experiments were
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Fig. 6. Top-down, left-right: Original; FCM(2 class); Container; Subtracted image; Root mask; Final segmentation result.
segmented into aggregates and inter-aggregate pore spaces using fuzzy c-means clustering algorithm as it has shown
the best performance among the thresholding techniques studied in this work. Next, we subtract the container wall.
For that, a few control points are selected on the inner part of that and curve ﬁtting is performed using cubic spline
function. The outer part of the image is zeroed. Then, the same procedure is applied to the root surface and a mask of
the root area is obtained. By logical OR operation the residual of the previous and the last steps are fused to produce
a segmented image as shown in Fig.6 and 7. Based on the evaluation results, it can be concluded that the proposed
method outperforms methods under comparison
3. Calculation of Soil Properties
3.1. Integral Circular Compaction (ICC)
A direct measure of compaction in 2D is a ratio of respective areas of aggregates and pores. It is calculated in
concentric circles of a speciﬁed radius of rhizosphere. In Figure 8, circles centered at the center of mass of the root
indicate the rhizosphere size to be analyzed. The ratio values of the exhibit in Fig.8a are provided in Fig.8b. For the
3D case, this measure simply is converted to the ratio of integral of voids and soil areas, that are the volumes of the
respective components. A stack of segmented 2D images can be analyzed either by a number of slices or as a whole.
3.2. Inter-aggregate Distances (ID)
A measure of inter-aggregate distances along the circumference line can be obtained and visualized as shown in
Figure 9.
4. Conclusion
This paper presented a semi-automated segmentation method to study rhizosphere structural properties from XMT
images. The proposed method performs in four steps: The ﬁrst step ﬁnds presumably hard components (i.e. soil
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Fig. 7. Top-down, left-right: Original; FCM(2 class); Container; Subtracted image; Root mask; Final segmentation result.
Fig. 8. (a) Quantiﬁcation schema, Integral Circular Compaction (ICC) graph; (b) ICC measure.
aggregates) and soft components (i.e. water-ﬁlled pores or air voids) using Fuzzy c-means clustering algorithm. The
second and third step we subtract the container wall and root segmentation based on cubic spline. Finally, the resultant
images are fused to produce a segmented image suitable for further analysis. Objective measures are proposed for
studying soil structural properties around roots of living plants in situ. Proposed metrics can be used directly to
compare time series of root growth as well as images of the same plant in diﬀerent soils.
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Fig. 9. (a) Aggregate/pore cross section (radius 300 pixels); (b) Aggregate/pore cross section (radius 500 pixels).
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